Abstract-On a mobile ad-hoc network environment, where the resources are scarce, the knowledge about the network's link state is essential to optimize the routing procedures. This paper presents a study about different pheromone evaluation models and how they react to possible changes in traffic rate. Observing how the pheromone value on a link changes, it could be possible to identify certain patterns which can indicate the path status.
I. INTRODUCTION
In [1] , Colorni et. al presented a seminal work based on the ants' social behavior which led to the research of a new group of routing models: the swarm intelligence-based routing [2] . By observing the ants, they found that these insects are able to find good paths between the nest and the food, because they leave a chemical substance in the path, the pheromone, which allows them to return to the nest and is also used to attract more ants to that path. The Ant System (AS) algorithm, originally proposed by Dorigo et al [3] , was the first cooperative search algorithm based on this paradigm, but soon other proposals were presented within the scope of wired networks which modulate the ants' behavior in their food search procedure [4] , [5] .
Mobile Ad-hoc Networks (MANETs) have scarce bandwidth and a frequent topology changes and thus routing in such kind of environments is a major challenge. The use of swarm intelligence is a promising routing approach due to the fact that it facilitates dealing with the environment dynamics with reduced overhead. Several new proposals have been presented in this scope, which reduces the routing overhead or improves the efficiency of the routing discovery mechanism [6] .
However, using efficient and low overhead route discovery procedures may not be enough to cope with the network impairments, as long as long-term convergence to a given path, as in the ants' case, can be a disadvantage in highly dynamic environments, like the MANETs. A fast and prompt identification of bottlenecks (link congestion) or broken links (communications failure between nodes) is needed to overcome the drawbacks of route recovery and to optimize the network resources and thus more flexible analyses of the path state need to be found. When using swarm-intelligence based routing, this analysis might be done using an adequate model for the pheromone behavior.
This paper presents a study of different pheromone variation models, in order to understand which model is the most adequate one for MANETs. Three different models are proposed by the authors:
• Temporal Active Pheromone model -where each pheromone is valid for a given period of time.
• Progressive Pheromone Reduction model -where, when there is no activity on a link, the pheromone reduction value increases progressively.
• Progressive Pheromone Reduction with Maximum Value model -which works as the Progressive Pheromone Reduction model, but has a maximum value that can be assigned to the pheromone value present in a link. The proposed models are evaluated against the classical pheromone model, proposed by Dorigo et al, on a load controlled environment.
The remaining paper is organized as follows: in section II related work about the pheromone evaluation is presented; section III describes the concepts used to define the testes models and presents the simulation results; finally, section IV presents the conclusions and the planned future work.
II. RELATED WORK
When the ants start to explore the environment near the nest to search for food, they present a capability to find and maintain the best (shortest) path. This path will be the one with the highest value of pheromones, and so, it will attract more ants.
To model the ants' behavior on mobile networks, routing agents and data packets to act like virtual ants should be used. These virtual ants will leave a pheromone trail in the network, to signal the routes between the source and the destination node. The routes with a higher value of pheromones should indicate the best routes in the network. This mechanism named stigmergy [7] uses the pheromones as an indirect form of communication. This can be done because the pheromone has a lifetime period during which it is active. The intensity observed on the path, is related to the capacity of the ants to use it. The path with a higher pheromone value will attract more ants and a path convergence is observed.
However, in mobile networks, the convergence of virtual ants to only one best route may not be a desirable situation. In mobile networks, the bandwidth is scarce and an overload of traffic can cause congestion problems. Because of this, the routing procedures must have information based not only on the pheromone value, but also on how this value is evolving. These decisions will influence the reinforcement / evaporation of the pheromones. Another problem that needs to be solved is the early best route identification. This problem of early convergence will restrict the search for paths in the network.
In the AS model, the procedures to choose the route through which the packets are sent to the next hop is probabilistic. It uses heuristics based on the pheromone value present in a link. Eq. (1) presents the pheromone evolution.
where τ (i,j,t) is the pheromone level in the link between node i and node j at time t. ρ (0 < ρ < 1) indicates the pheromone evaporation value and Δτ k (i,j,t) is the pheromone reinforcement value, calculated upon the distance d (i,j) traveled by the ant k from node i to node j. n is the number of ants used to find the path.
When an ant reaches a point where it has several routes to choose, it is necessary to decide where to go. In data networks, the AS model can forward the data traffic to the next hop, on a hop-by-hop basis. It uses a probabilistic procedure to decide where to send the packets, in accordance with the metrics associated with the model. In AS, the metrics are based on the pheromone value. The value is assigned to each link between two nodes in the network.
The pheromone intensity is implicitly related to the distance traveled by the virtual ants, i.e. the shorter paths have a higher refreshment rate than the others.
When the procedure used to choose the next hop is probabilistic, the best path found during a given session may indeed not be the best path in the network. This is the early path convergence problem, which has been studied by several researchers. To solve this problem, several models have been studied which try to reduce the early convergence effect, such as the MAN-MIN Ant System (MMAS) [8] , [9] , the Minimum Pheromone Threshold Strategy (MPTS) [10] , the Elitist Strategy for Ant System (ASe) [11] , the Rank-based version of Ant System (ASrank) [12] , or the Pheromone Trail Centralization (PTC) [13] .
The above models can be applied in the search procedure to find the shortest path, considering the traffic dynamics in fixed networks, in which the network topology doesn't change. With these techniques, it is possible to identify the shortest paths, considering the distance traveled and the propagation time in the network.
Most of the studies about AS have been focused on static problems, such as the Traveling Salesman (TSP). The optimization problems found in real world mobile networks are not static, and so it is necessary to observe the dynamic component.
The traffic congestion as described by Eyckelhof and Snock et.al, in the Ant System algorithm applied to the Dynamic Traveling Salesman Problem (AS-DTSP) [14] , driven by bottlenecks in car roads, is a problem that can be observed on a daily basis. The traffic density is dynamic by nature and finding an optimum solution to regulate the traffic is a challenge. In this area of interest, models like the Dynamic System for Avoiding Traffic Jam (DSATJ) [15] are proposed.
The procedures to route data packets in a network show a behavior that is similar to the procedures that are used to control the car flow on the roads. It is possible to gather important information about the state of the road / network, taking into consideration the occupation density of the road / communication links, or through the variation of the pheromone level, which is left by cars / virtual ants (data and control packets).
The application of AS algorithms to mobile networks can integrate the network state information with low overhead (stigmergy). However, due the frequent changes of topology, the use of pheromones must be adapted to this new reality.
The pheromones can be a network state indicator. The traffic flow variation, which could be a direct result of a bottleneck or broken link, is reflected in the pheromone level throughout time. This fact can help the routing procedures to balance the load through other paths or start searching for new routes.
III. PHEROMONE VARIATION MODELS
In the model proposed by Dorigo for the Ant System [3] , the evaporation rate is related to a parameter ρ and the quantity of pheromones deposited in the track. The pheromone levels depend on the number of ants that have just passed through the link and the distance traveled to the destination.
This model is used to identify the best paths on a wired network. With this, it is possible to create a heuristic, which can gather information about the network state -best shortest routes to the destination.
The Ant System model works with the distance that the ants must travel through the network, but on mobile ad-hoc networks, where the topology is in constant change, there are other factors which are also important. In MANET's, the best path must have a dynamic solution, in accordance with the nodes' mobility.
The state of a path can be evaluated through the variation of the pheromone value. When a path has available resources to transport packets, the pheromone refreshment rate will be the same as long as the transfer session is active. So the pheromone value, once over the initial setup, will not present considerable changes. However, if there is a bottleneck in the path, the refreshment rate will change and this situation could be observed in the pheromone value.
In this study, we intend to identify possible problems in the network, like congestion, broken links, etc, at an earlier stage and help the routing procedures choose the best routes available. To reach this goal, we are going to use four pheromone models of reinforcement/evaporation and evaluate them on an optimum network situation.
The simulations were executed using the NS2 simulator, version 2.31. For each one of the tests proposed, 30 seconds simulation runs were executed. The 802.11b protocol was used for the MAC layer and the radios used the Two Ray Ground Propagation model and had a receiving range of 100 meters. The traffic was generated by one session, with 50kbps rate and the type was CBR (Constant Bit Rate).
The pheromone evaluation models used were:
• Ant System Pheromone model (ASP).
• Temporal Active Pheromone model (TAP).
• Progressive Pheromone Reduction model (PPR).
• Progressive Pheromone Reduction with Maximum Value model (PPT-MV).
A. Ant System Pheromone model (ASP)
In the ASP model, the computation of the pheromone level takes place according to eq. (1). A ρ value (0 < ρ < 1), which represents the evaporation rate is defined, as well Δτ
value which controls the reinforcement of pheromones, based on the number of ants that have passed through the path. The ρ value must be related to the data transfer rate and the sample interval applied to calculate the pheromone value.
The aim of this study is to observe the traffic behavior through the pheromone level variation, so eq. (1) was changed to:
In the model being tested, defined by eq. (2), we want the pheromone level to be dependent on the network state. The distance traveled by the virtual ants will be implicit in the pheromone intensity present in the path. This is a low complexity and multiplying model. It must know the number of ants that have just passed through the link, during the sample time, and the pheromone value in the previous sample time (t − 1).
To simulate this model, three different values of ρ were considered. The time used between samples was 1 second. Fig. 1 presents the pheromone variation.
With this model, it is possible to identify three different phases:
1) learning phase: the reinforcement of the pheromone value is related to the ρ value and the traffic rate which flows through the path. During this phase, the pheromones will increase logarithmically, until they reach a stable value. 2) maintenance phase: the pheromone intensity will be constant, with a few changes, if the link maintains the capacity to transfer the traffic, i.e. the reinforcement rate is equal to the evaporation rate. 3) evaporation phase: when the traffic stops flowing through the path, the pheromone level decreases rapidly and then slows down until it reaches '0'. This phase could also be seen if there is a problem in the path, due traffic jam or a broken link.
The Ant System pheromone model can reach a stable value when the link capacity has enough resources to transport the packets. It presents a fast growth rate until it reaches a stable value. The intensity of the pheromones depends on the evaporation value of ρ.
When the data transfer session ends, or when in the presence of a bottleneck due to link problems, the AS model will react to this and present a fast decrease of the pheromones. This reaction could be useful when applied to systems which need a fast response. However, on a network, changes in the traffic transfer rate like packet jitter or burst of packets, could create a response that is similar to link bottleneck and give wrong information about the network state.
The response to the pheromone variation should have a smaller decrease rate (slope), which will accommodate traffic rate variations.
B. Temporal Active Pheromone model (TAP)
The Temporal active pheromones model tries to modulate the real behavior of the pheromones. When a real ant deposits a pheromone in the trail, the pheromone is active for a certain period of time.
The pheromone activity presents a decreasing curve of intensity, which is very complex to represent. To perform a good approach to this model, we consider that it is constant while the pheromone is "fresh" and then decreases to zero. Eq. (3) shows the pheromone activity.
τ t represents the state of a single pheromone at time t and δ is the activity period. A pheromone is active in the interval [t start , t start + δ]. The pheromone intensity on a link (T t ) is the sum of all active pheromones deposited into that link.
Modulating the pheromone behavior with a lifetime parameter has the advantage of creating an evaluation model which looks like the real pheromones. However, to simulate this model on each node, more resources on each network node is required. The node must have enough memory to keep update tables with pheromone and computational capacity to deal with the timers responsible to define the pheromone activity.
The timers must be set for a value which can give a real approach to pheromone activity. Fig. 2 represents this model's simulation. For this simulation, the pheromone activity was set to 500ms, 1sec and 2sec. The timer is set to be active every 50ms. In fig. 2 , like in the ASP model, three different phases, during the pheromone evaluation analysis of this model can be observed.
The learning phase is related to the lifetime of the pheromones and transfer rate through a link. The pheromone intensity will grow as long as the pheromones are in the active period. The growing rate is the same during this phase, while there are not any problems in the network.
The maintenance phase starts after a period of time equal to the time defined for the pheromone activity. The pheromone intensity will maintain the same value, as long as the refreshment rate is the same as the evaporation rate. In this phase, the network status can be translated into the capacity of a link to maintain the pheromone value bounded, while the transfer session is active. Any problems in the network can be observed in the pheromone intensity variation during this phase.
When the data transfer session stops, the reinforcement rate will decrease to '0'. The evaporation phase, is the period required for the pheromones to cease their activity and is equal to the pheromone lifetime.
With this evaluation model, the network state can be observed in the pheromone level variation during the maintenance phase. When the network has resources to transfer the packets without losses or excess delay, the pheromone level variation will be almost '0'. However, when in the presence of congestion or broken links, the pheromone refreshment rate will change and the pheromone intensity variation could be an indicator.
The pheromone activity decrease rate is also related to jitter or burst of data packets situations and will affect the pheromone value. However, because the decrease rate is linear, these effects can be absorbed and the link can quickly regain its pheromone value when the problem disappears.
The pheromone time-live model is more stable concerning the network state changes than the Ant System pheromone model. The stability parameter is assigned to the pheromone lifetime, which will act as a buffer to the pheromone refreshment rate. This model will, however, be slower to detect network problems than the ASP model.
C. Progressive pheromone reduction (PPR) model
The Progressive Pheromone Reduction model, proposed by us, uses less node resources to compute the pheromone intensity.
The pheromone value present in a link increases as long as traffic flows through it. The increase rate is related to the link's capacity to transport the packets. Variations in traffic can be observed in the pheromone increase rate.
The refresh and evaporation procedures are defined in eq. (4).
Refresh :
with link activity α t−1 * 2 without link activity (4) Where τ t is the actual pheromone value and ρ represents the increase value when a packet goes through the link. In a constant transfer rate environment, the pheromone value will increase linearly. When this increase changes, it could mean that there are problems in the network. The analysis of the first derivate of the pheromone variation can quantify the problem with a certain degree of probability. For this model, ρ = 1 was used.
The pheromone evaporation procedure is executed periodically. Every time this procedure is called, the pheromone value is decreased by α t . If the packets are flowing through the link, α t = 1, however, if traffic ceases, α t will double the value every time the evaporation procedure is called and there is no activity in that link. This way, small traffic anomalies caused by jitter, packet bursts or route repair procedures will not affect the pheromone value but, when in the presence of a broken link, this will cause a progressive pheromone evaporation and, without reinforcement, the pheromone value falls rapidly to '0'. Fig. 3 shows the behavior of this model. The maintenance phase is observed as long as traffic flows through the link. The evaporation phase is progressive and takes place when traffic ceases.
The Progressive Pheromone Reduction model is simple model to evaluate the pheromone value and uses the variations of pheromone intensity to identify and classify the network state, with a certain level of probability.
The evaporation procedure allows for small variations in traffic rate, as they do not produce noticeable changes in the pheromone values and the path will continue to be marked as valid. When traffic stops in the network, the pheromone activity also stops and the route can be released.
D. Progressive pheromone reduction with maximum value model
The Progressive Pheromone Reduction with Maximum Value (PPR-MV) model is similar with the model presented in sec. III-C, with a slight difference: the pheromones present in a link are limited to a maximum value per traffic session.
In this model, the pheromones have two levels of evaluation. One level is associated with a data session and the other level is associated with a link between nodes. The link state indicator is represented by the variation of the sum of all pheromones assigned to the sessions present in that link. If a link has enough resources to accommodate new data sessions then the sum of pheromones should increase in proportion to the number of sessions.
On an ad-hoc network, where all the nodes have mobility, it is very important to know the amount of available resources to choose the next hop in the path. When the pheromone is limited to a maximum value, variations on the pheromone intensity would not be enough to identify jitter, packet burst or congestion situations. But when traffic ceases, the pheromone intensity will progressively return to '0'. Eq. (5) represents the PPR-MV.
Refreshment :
;with link activity α t−1 * 2 ;without link activity (5) The behavior of PPR-MV is shown in fig. 4 . This model has three phases in the pheromone evaluation. The learning phase is related to the session packet rate in the path and it ends when the pheromone value reaches the maximum that has been selected. While the data transfer session is active, the maximum pheromone value is maintained. Like in PPR model, small traffic rate variations are absorbed by the progressive evaporation procedure and the pheromone value should be almost the same. When the data transfer session ends, the pheromone progressively decreases to '0'.
IV. CONCLUSIONS
This paper presents a study of different pheromone evaluation models. Each of these models has different characteristics and could be used to identify the network state, with a certain degree of probability.
Four evaluation models were used: the Ant System model, the Temporal active pheromone model, the Progressive pheromone reduction model and the Progressive pheromone reduction with maximum value model.
The pheromone variation could be an indicator of the network state, without introducing overhead. By modeling the pheromone behavior using these four models, heuristics can be created to perform routing procedures. This way, it is possible to optimize the network resources.
The AS model reacts quickly to the traffic variations, which means that, the pheromone level presents major changes. These variations may be caused by the type of traffic and not by problems in the network. The proposed models have a tendency not to respond to small fluctuations in traffic like AS, thus increasing the stability of the route and reducing the need to make extra calculations over the network state. When in the presence of bottlenecks or link down situations in the network, the proposed models do indicate that there is quite a change of status in the links and can help the routing model to proceed to find alternatives.
Due to the characteristics of each model, they can be used in specific scenarios, where a fast response to traffic situations can be balanced with a stable pheromone activity.
For future work, we intend to evaluate the behavior of the pheromone models in network situations such as link congestion and broken links, and correlate these studies with the possibility of creating a virtual image of the network state.
